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Abstract 
Motivation: Bidirectional Encoder Representations from Transformers (BERT) models for biomedical 
specialties such as BioBERT have significantly improved in biomedical text-mining tasks. However, we 
benefitted only in English because of the scarcity of medical documents in each language. Therefore, 
we propose a method that realizes a high-performance BERT model by using a small medical corpus. 
Results: We introduce the method to train a BERT model both in English and Japanese, respectively, 
and then we evaluate each of them in terms of the biomedical language understanding evaluation 
(BLUE) benchmark and the medical-document-classification task, respectively. After confirming their 
satisfactory performances, we develop a model named ouBioBERT. It achieves the best scores on 7 
of the 10 datasets in terms of the BLUE benchmark. The total score is 1.0 points above that of BioBERT. 
Availability and implementation: We made the pre-trained weights of ouBioBERT and the source c
ode for fine-tuning freely available at https://github.com/sy-wada/blue_benchmark_with_transformers. 
Contact:  
 
 
 
1 Introduction  
With the introduction of transformer-based language models such as Bi-
directional Encoder Representations from Transformers (BERT), the per-
formance of information extraction from free text by natural language pro-
cessing (NLP) has significantly improved in the general domain (Devlin, 
et al., 2019). Meanwhile, many studies, such as BioBERT, SciBERT, 
BlueBERT, and clinicalBERT, showed that additional pre-training of 
BERT on a large biomedical text corpus, such as PubMed, results in sat-
isfactory performance in biomedical text-mining tasks (Alsentzer, et al., 
2019; Beltagy, et al., 2019; Lee, et al., 2019; Peng, et al., 2019). 
Although we have high expectations for the localization of medical 
BERT models, significant barriers exist to realize the localization. There 
are only a few publicly available medical databases written in each lan-
guage with high quality and large size sufficient to train BERT models. 
For example, in Japanese, a subscription is required for performing a 
cross-search of Japanese medical journals, and most articles are published 
only in the PDF format, thereby making it difficult to build a large medical 
corpus. 
In this study, we first introduce a method to develop a medical BERT 
model using a small medical corpus in English. The performance of the 
model is close to that of published ones. Second, we apply it in Japanese 
and show the improvement that our method offers over the traditional one 
on a medical-document-classification task. Third, we demonstrate that our 
approach enables us to build a pre-trained model that outperforms Bi-
oBERT. 
Particularly, we make the following contributions: 
(1) We propose a method that enables users to train a medical BERT 
model using a small corpus. Subsequently, we show that the lo-
calization of medical BERT is feasible using our method. 
(2) Applying our method, we build a pre-trained model by using Pub-
Med abstracts and release it as Bidirectional Encoder Represen-
tations from Transformers for Biomedical Text Mining by Osaka 
S.Wada et al. 
University (ouBioBERT). We compare the performance of ouBi-
oBERT with the existing BERT models on the biomedical lan-
guage understanding evaluation (BLUE) benchmark (Peng, et al., 
2019) and confirm that our model has higher performance. 
2 Materials and methods  
Our models essentially have the same structures as that of BERT-Base. 
We begin with an overview of BERT and describe available models used 
in biomedical text-mining tasks. Next, we illustrate our method and refer 
to our models in this study. Finally, we explain fine-tuning to evaluate our 
models. 
2.1 BERT: bidirectional encoder representations from 
transformers 
BERT (Devlin, et al., 2019) is a contextualized word-representation model 
based on masked language modeling (MLM), and it is pre-trained using 
bidirectional transformers (Vaswani, et al., 2017). There are two steps in 
the BERT framework: pre-training and fine-tuning. During pre-training, 
the model is trained on unlabeled large corpora. For fine-tuning, the BERT 
model is first initialized with pre-trained weights, and all the weights are 
fine-tuned using labeled data from the downstream tasks. We apply mini-
mal architectural modification to the task-specific inputs and outputs into 
BERT and fine-tune all the parameters in an end-to-end manner. 
2.1.1 Pre-training 
The BERT pre-training is optimized for two unsupervised classification 
tasks. The first is MLM. One training instance of MLM is a single modi-
fied sentence. Each token in the sentence has a 15% chance of being re-
placed by a [MASK] token. The chosen token is replaced with [MASK] 
80% of the time, 10% with another random token, and the remaining 10% 
with the same token. The MLM objective is a cross-entropy loss on pre-
dicting the masked tokens. 
The second task is next-sentence prediction (NSP), which is a binary 
classification loss for predicting whether two segments follow each other 
in the original text. Positive instances are created by taking consecutive 
sentences from the text corpus. Negative instances are created by pairing 
segments from different documents. Positive and negative instances are 
sampled with equal probability. The NSP objective is designed to improve 
the performance of downstream tasks, such as natural language inference 
(Bowman, et al., 2015), which require reasoning regarding the relation-
ships between pairs of sentences. 
While creating the training instances, we can set dupe_factor, which 
contributes to data augmentation while pre-training BERT. It refers to the 
duplicating times of the instances created from an input sentence, where 
these instances originate from the same sentence but have different 
[MASK] tokens. The dupe_factor is typically set from 5 to 10. 
2.1.2 Vocabulary 
BERT uses WordPiece (Wu, et al., 2016), which is based on byte-pair en-
coding (BPE) (Sennrich, et al., 2016), for unsupervised tokenization of the 
input text. The vocabulary is built such that it contains the most frequently 
used words or subword units. We refer to the original vocabulary released 
with BERT as BaseVocab. 
2.1.3 Pre-trained BERT variants 
BERT-Base is pre-trained on English Wikipedia and BooksCorpus for 
1M steps (Devlin, et al., 2019). The vocabulary is BaseVocab, and its size 
is 30K. We evaluated the uncased versions of this model for the general 
domain. 
BioBERT is the first released BERT model for the biomedical domain 
(Lee, et al., 2019). BioBERT v1.0 is initialized from BERT-Base and 
trained on PubMed articles. After BioBERT v1.0 released, BioBERT v1.1, 
which is trained from scratch on PubMed abstracts for 1M steps with a 
custom 30K vocabulary, was published. We used it for evaluation. 
ClinicalBERT is released for clinical NLP tasks (Alsentzer, et al., 
2019). It is initialized from BioBERT v1.0 and trained with additional 
150K steps on MIMIC-III clinical notes (Johnson, et al., 2016).  
SciBERT leverages unsupervised pre-training on a large multi-domain 
corpus of scientific publications (Beltagy, et al., 2019). We evaluated Sci-
BERT-Base-Uncased that utilizes the original vocabulary called SciVocab. 
BlueBERT is published with the BLUE benchmark (Peng, et al., 2019). 
In this study, we evaluated BlueBERT-Base (P) and BlueBERT-Base (P 
+ M), which were initialized from BERT-Base and pre-trained on only 
PubMed abstracts with 5M steps, and on the combination of PubMed ab-
stracts with 5M steps and MIMIC-III clinical notes with 200K steps, re-
spectively. 
2.2 Our proposed method 
If we train a BERT model only on a small medical corpus, we must focus 
on its overfitting. We hypothesize that overfitting can be avoided if we 
simultaneously train a BERT model on both the general-domain and med-
ical-domain knowledge. This would be achievable using the negative in-
stances of NSP, in which a sentence pair is constructed by pairing two 
random sentences each from a different document. To increase the number 
of combinations of documents and enhance medical-word representations 
in the vocabulary, we introduce the following two interventions.  
Convoy system is a technique to efficiently create pre-training data 
from a set of corpora according to each of the size illustrated in Figure 1. 
Given we pre-train a medical BERT model, Convoy corresponds to a 
small medical corpus, and Escort is a general-domain corpus such as Wik-
ipedia. 
In the original implementation, we first divide the entire corpus into 
smaller text files that can be processed using the memory in practice. Sub-
sequently, the combinations of NSP are determined within each split file, 
and the dupe_factor is set to define the number of times the sentences are 
used. However, there are two problems: the first is that the dupe_factor is 
applied to the entire corpus, and thus the smaller corpus remains relatively 
small; the second is that the combinations of NSP are limited to the file 
split initially.  
Meanwhile, in our method, Convoy and Escort are divided into differ-
ent text files with the same size and then combined to create pre-training 
instances. Using this technique, more instances from Convoy are used than 
those from Escort, and they are homogeneously mixed. Consequently, it 
introduces an effect as if they are given each gradient dupe_factor accord-
ing to their corpus size. Furthermore, it generates more different combi-
nations of documents compared with the original method.  
As depicted in Figure 1, Convoy and Escort were combined so that their 
proportion was equal, and a sufficient number of pre-training instances 
were created to train a BERT model. 
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The amplified vocabulary is a custom one to suit a small corpus. If we 
build a vocabulary with BPE without adjusting the corpus sizes of Convoy 
and Escort, most words and subwords will be derived from Escort. To 
solve this problem, we amplify Convoy and make the corpus size the same 
as that of Escort. Subsequently, we construct the uncased vocabulary via 
BPE using tokenizers (https://github.com/huggingface/tokenizers). 
2.3 Our pre-trained models 
We produced the following BERT-Base models to demonstrate our 
method. The corpora we used for our models are listed in Table 1. 
BERT (sP + B + enW) is a pre-trained medical BERT model in English 
to ensure that we can build a well-performing model using a small medical 
corpus via our method. We used PubMed baseline (ftp://ftp.ncbi.nlm.nih 
.gov/pubmed/baseline) as a medical source and BooksCorpus (B) and 
English Wikipedia (enW) as general corpora. The articles in PubMed 
baseline contain their medical subject headings (MeSH) IDs, which can 
be converted to the corresponding tree number. Therefore, to create a 
small medical corpus (Small PubMed abstracts abbreviated as sP), we ex-
tracted articles published after 2010 associated with clinical research and 
translational research of human disease from PubMed baseline by using 
each MeSH ID. BERT (sP) and BERT (add_sP) were trained for com-
parison. The former was pre-trained solely on sP from scratch, and the 
latter was initialized from BERT-Base and trained on sP like BioBERT 
v1.0. 
BERTjp (M + jpW) is a Japanese medical BERT model pre-trained 
using our method. We used a medical corpus extracted from 15 digital 
medical textbooks in Japanese (Digital medical textbooks are abbreviated 
as M) as a source of medical knowledge and Japanese Wikipedia (jpW) as 
that of general-domain knowledge. For comparison, two pre-trained mod-
els were prepared. The first was BERTjp (jpW), which was pre-trained 
on jpW. The second was BERTjp (add_M), which was initialized with 
BERTjp (jpW) and trained for additional steps on M like BERT (add_sP). 
ouBioBERT is an enhanced biomedical BERT model pre-trained on 
entire PubMed abstracts in which medical articles, especially those related 
to human beings, are amplified using our method. Our approach boosts 
the amount of training on the target domain within the entire corpus. We 
investigated whether the BERT model trained via our method using Pub-
Med articles that were closely related to human beings (focused PubMed 
abstracts) as Convoy and using other PubMed abstracts as Escort would 
achieve better performance in biomedical text-mining tasks than those of 
the other BERT models. 
2.4 Fine-tuning BERT 
Three evaluations were made. First, we showed the scores of the BLUE 
benchmark of BERT (sP + B + enW) and publicly available pre-trained 
BERT models with a single random seed to demonstrate the effectiveness 
of our method. Second, we studied the differences in the performance of 
the Japanese medical BERT variants on a medical-document-classifica-
tion task to confirm that our method could be used in Japanese. Finally, 
we executed the BLUE benchmark with five different random seeds and 
compare the average score of ouBioBERT with those of BioBERT, Blue-
BERT (P), and BlueBERT (P + M), respectively, to show the potential of 
our method. 
3 Downstream tasks 
3.1 BLUE benchmark 
The BLUE benchmark, which comprises five different biomedical text-
mining tasks with ten corpora, is developed to facilitate the research on 
language representations in the biomedical domain (Peng, et al., 2019). 
These ten corpora are pre-existing datasets that have been widely used by 
the BioNLP community as shared tasks (see Table 2). We used a macro-
average of F1-scores and Pearson scores to make comparisons among pre-
trained BERT models.  
3.1.1 Sentence similarity: MedSTS and BIOSSES 
The sentence-similarity task is to predict similarity scores based on sen-
tence pairs. We evaluate similarity by using Pearson correlation coeffi-
cients.  
3.1.2 Named-entity recognition: BC5CDR and ShARe/CLEFE 
The Named-entity recognition task aims to predict mention spans given in 
a text. We evaluate the predictions by using the strict version of the F1-
score. For disjoint mentions, all spans also must be strictly correct. 
3.1.3 Relation extraction: DDI, ChemProt and i2b2 2010 
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Table 1. List of the text corpora used for our models. 
 Corpus Number of 
words 
Size 
(GB) 
Domain 
(enW) English Wikipedia 2,200M 13  (en) General 
(B) BooksCorpus 850M 5  (en) General 
(sP) Small PubMed abstracts 30M 0.2  (en) Biomedical 
(fP) Focused PubMed abstracts 280M 1.8  (en) Biomedical 
(oP) Other PubMed abstracts 2,800M 18  (en) Biomedical 
(jpW) Japanese Wikipedia 550M 2.6  (jp) General 
(M) Digital Medical textbooks 18M 0.1  (jp) Clinical 
Notes: Japanese corpora are tokenized using MeCab (https://taku910.github.io/ 
mecab/). en: English; jp: Japanese. 
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The relation-extraction task aims to predict relations and their types be-
tween the two entities mentioned in the sentences. Following the practice 
in Peng, et al. (2019), we regard this task as a sentence-classification task 
by anonymizing target named entities in the sentence using pre-defined 
tags such as @GENE$ and @DISEASE$ (Lee, et al., 2019). We evaluate 
the micro-averaged F1-score. 
3.1.4 Document multilabel classification: HoC 
The multilabel-classification task predicts multiple labels from the texts. 
We follow the common practice and evaluate the example-based F1-score 
at the document level (Du, et al., 2019; Peng, et al., 2019; Zhang and Zhou, 
2014). 
3.1.5 Inference task: MedNLI 
The inference task aims to predict whether the relationship between the 
premise and hypothesis sentences is contradiction, entailment, or neutral. 
We evaluate the overall accuracy. 
3.2 Multiclass document classification task in Japanese 
Because there is no shared task for medical-domain documents in Japa-
nese, we created a multiclass document classification task by using the 
medical topics in the MSD Manual for the Professional (https://www 
.msdmanuals.com/ja-jp/professional) and named it DocClsJp. It com-
prises 2,475 articles, which belong to one of 22 disease categories. We 
employed five-fold stratified cross-validation to evaluate the results by us-
ing the micro-averaged F1-score. 
 
4 Experimental Setups 
On both pre-training BERT and fine-tuning for downstream tasks, we lev-
eraged the mixed-precision training, named FP16 computation, which sig-
nificantly accelerates the computation speed by performing operations in 
the half-precision format. We used two NVIDIA Quadro RTX 8000 (48 
GB) GPUs for pre-training, whereas a single one for fine-tuning. 
4.1 Pre-training BERT 
We modified the implementation released by NVIDIA (https://github 
.com/NVIDIA/DeepLearningExamples/tree/master/PyTorch/LanguageM
odeling/BERT), which enabled us to leverage FP16 computation, gradient 
accumulation, and layer-wise adaptive moments based (LAMB) optimizer 
(You, et al., 2020), and we trained our models using the implementation. 
The configuration of the pre-training was almost the same as that of 
BERT-Base unless stated otherwise. 
For BERT (sP + B + enW), the maximum sequence length was fixed at 
128 tokens, and the global batch size (GBS) was set to 2,048. Additionally, 
a LAMB optimizer with the learning rate (LR) of 7e–4 was used. We 
trained the model for 125K steps. The size of the amplified vocabulary 
was 32K. Furthermore, for BERT (sP), we used the same settings except 
the vocabulary. We used BaseVocab and pre-trained it from scratch. 
BERT (add_sP) was initialized from BERT-Base and trained for 25K 
steps with the same settings of the maximum sequence length and GBS as 
that of BERT (sP). We used a LAMB optimizer with the LR of 1e–4. 
We used the same settings for BERTjp (jpW) and BERTjp (M + jpW) 
as that of BERT (sP + B + enW). Notably, the vocabulary of BERTjp 
(jpW) was constructed by applying BPE to Japanese Wikipedia. BERTjp 
(add_M) was initialized from BERTjp (jpW) and trained until the loss of 
MLM and NSP on the test dataset stopped decreasing. We used the same 
settings of the maximum sequence length and GBS as that of BERTjp 
(jpW). Additionally, we used a LAMB optimizer with the LR of 1e–4. 
For ouBioBERT, we followed the NVIDIA implementation. First, we 
set the maximum sequence length of 128 tokens and trained the model for 
7,038 steps by using the GBS of 65,536 and a LAMB optimizer with the 
LR of 6e–3. Subsequently, we continued to train the model allowing the 
sequence length up to 512 tokens for additional 1,563 steps, to learn posi-
tional embeddings using the GBS of 32,768 and a LAMB optimizer with 
the LR of 4e–3. The size of the amplified vocabulary was 32K. 
4.2 Fine-tuning BERT for downstream tasks 
We mostly followed the same architecture and optimization provided in 
transformers (https://github.com/huggingface/transformers) for fine-tun-
ing. In all the settings, we set the maximum sequence length to 128 tokens 
and fine-tuned via the Adam optimizer (Kingma and Ba, 2014) using the 
batch size of 32 and the LR of 3e–5, 4e–5, or 5e–5, respectively. The num-
ber of training epochs was set for each task, as listed in Table 3. For each 
dataset and BERT variant, we picked the best LR and number of epochs 
on the development set, and then we reported the corresponding test re-
sults. 
Table 2. BLUE tasks (Peng, et al., 2019). 
Corpus Type Train Dev Test Task Metrics Domain 
MedSTS (Wang, et al., 2020) Sentence pairs 675 75 318 Sentence similarity Pearson Clinical 
BIOSSES (Soğancıoğlu, et al., 2017) Sentence pairs 64 16 20 Sentence similarity Pearson Biomedical 
BC5CDR-disease (Li, et al., 2016) Mentions 4182 4244 4424 Named-entity recognition F1 Biomedical 
BC5CDR-chemical (Li, et al., 2016) Mentions 5203 5347 5385 Named-entity recognition F1 Biomedical 
ShARe/CLEFE (Suominen, et al., 2013) Mentions 4628 1065 5195 Named-entity recognition F1 Clinical 
DDI (Herrero-Zazo, et al., 2013) Relations 2937 1004 979 Relation extraction micro F1 Biomedical 
ChemProt (Krallinger, et al., 2017) Relations 4154 2416 3458 Relation extraction micro F1 Biomedical 
i2b2 2010 (Uzuner, et al., 2011) Relations 3110 10 6293 Relation extraction micro F1 Clinical 
HoC (Baker, et al., 2016) Documents 1108 157 315 Document classification F1 Biomedical 
MedNLI (Romanov and Shivade, 2018) Pairs 11232 1395 1422 Inference accuracy Clinical 
 
Table 3.  Range of the number of training epochs for each task/dataset. 
Dataset Number of epochs 
MedSTS {7, 8, 9, 10} 
BIOSSES {40, 50} 
Named-entity recognition {20, 30} 
Relation extraction {5, 6, 7, 8, 9, 10} 
HoC {5, 10, 15} 
MedNLI {5, 6, 7, 8, 9, 10, 15} 
DocClsJp {3, 4, 5, 6, 7, 8, 9, 10} 
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5 Results 
Table 4 summarizes the performance of BERT (sP + B + enW), as well as 
those of publicly available BERT variants, in terms of the BLUE score. 
BERT (sP + B + enW) outperforms BERT (sP) and is as effective as BERT 
(add_sP). Its high performance is close to those of domain-specific BERT 
models.  
Table 5 compares the F1-score of the model pre-trained using our 
method and those of the others on DocClsJp. Ours shows a higher perfor-
mance of BERTjp (M + jpW) than those of the other pre-trained models 
constructed using known techniques. 
Table 6 compares the ouBioBERT results with those of BioBERT, 
BlueBERT (P), and BlueBERT (P + M), respectively. Of the four models, 
ouBioBERT demonstrates the best score of the total score (0.9 points im-
provement in Table 6). We also observe that ouBioBERT outperforms the 
other model results on all the 6 datasets of the biomedical domain. Espe-
cially, in BIOSSES, the score is significantly more stable than the others 
on different random seeds. 
 
6 Discussion 
We confirmed that the model trained via our method even by using a small 
medical corpus was robust on the BLUE benchmark, and we demonstrated 
that our method could construct both localized medical BERT and en-
hanced biomedical BERT. 
We created BERT (sP + B + enW) using a corpus by combining a small 
medical corpus and large general corpora. It sufficiently performed for 
practical use. However, BERT (sP), which was pre-trained only on Small 
PubMed abstracts, performed worse than BERT (sP + B + enW), and 
BERT (add_sP), which was initialized from BERT-Base and pre-trained 
only on Small PubMed abstracts, was equivalent to BERT (sP + B + enW). 
This result supports the effectiveness of our method in using a small cor-
pus.  
Next, we applied this technique to the medical BERT in Japanese and 
evaluated it on a single task. Although the results were slightly different 
than those of the experiments in English, we could localize the medical 
BERT in Japanese. In our experiment, BERTjp (M + jpW) outperformed 
BERTjp (add_M). This might be attributed to the effect of a custom vo-
cabulary in the Japanese medical domain. Japanese sentences are de-
scribed using more different characters than English ones. Moreover, 
medical terms are significantly different than general-domain words. 
Therefore, unlike in English, the custom vocabulary could result in the 
high performance of BERTjp (M + jpW). Notably, our method could cre-
ate a medical BERT model that performed as satisfactory as or even better 
than the existing methods, and be versatile. Therefore, it might be appli-
cable in other languages as well. Furthermore, our method may be applied 
to professional domains other than the medical domain. 
Finally, we demonstrated that a high-performance pre-trained model 
could be trained using our method by ouBioBERT. As we designed, the 
Table 4.  BLUE scores of BERT (sP + B + W) compared with those of the existing pre-trained models. 
Model Total MedSTS BIOSSES BC5CDR 
-disease 
BC5CDR 
-chemical 
ShARe/ 
CLEFE 
DDI ChemProt i2b2 2010 HoC MedNLI 
BERT-Base 54.8 52.1 34.9 66.5 76.7 56.1 35.3 29.8 51.1 78.2 67.0 
BioBERT 82.9 85.0 90.9 85.8 93.2 76.9 80.9 73.2 74.2 85.9 83.1 
clinicalBERT 81.2 82.7 88.0 84.6 92.5 78.0 76.9 67.6 74.3 86.1 81.4 
SciBERT 82.0 84.0 85.5 85.9 92.7 77.7 80.1 71.9 73.3 85.9 83.2 
BlueBERT (P) 82.9 85.3 88.5 86.2 93.5 77.7 81.2 73.5 74.2 86.2 82.7 
BlueBERT (P + M) 81.8 84.4 85.2 84.6 92.2 79.5 79.3 68.8 75.7 85.2 82.8 
BERT (sP) 77.5 79.7 75.2 84.0 90.4 75.5 75.1 63.2 68.8 85.4 77.8 
BERT (add_sP) 81.4 83.2 90.7 86.0 92.2 77.8 76.8 68.2 73.2 85.1 81.0 
BERT (sP + B + enW) 81.4 83.2 89.7 85.7 91.8 79.1 78.4 67.5 73.1 85.3 80.1 
Notes: The best scores are in bold, and the second best ones are underlined. 
Table 6.  Performance of ouBioBERT on the BLUE task. 
Model Total MedSTS BIOSSES BC5CDR 
-disease 
BC5CDR 
-chemical 
ShARe/ 
CLEFE 
DDI ChemProt i2b2 2010 HoC MedNLI 
BioBERT 82.8 
(0.1) 
84.9 
(0.5) 
89.3 
(1.7) 
85.7 
(0.4) 
93.3 
(0.1) 
78.0 
(0.8) 
80.4 
(0.4) 
73.3 
(0.4) 
74.5 
(0.6) 
85.8 
(0.6) 
82.9 
(0.7) 
BlueBERT 
 (P) 
82.9 
(0.1) 
84.8 
(0.5) 
90.3 
(2.0) 
86.2 
(0.4) 
93.3 
(0.3) 
78.3 
(0.4) 
80.7 
(0.6) 
73.5 
(0.5) 
73.9 
(0.8) 
86.3 
(0.7) 
82.1 
(0.8) 
BlueBERT 
 (P + M) 
81.6 
(0.5) 
84.6 
(0.8) 
82.0 
(5.1) 
84.7 
(0.3) 
92.3 
(0.1) 
79.9 
(0.4) 
78.8 
(0.8) 
68.6 
(0.5) 
75.8 
(0.3) 
85.0 
(0.4) 
83.9 
(0.8) 
ouBioBERT 83.8 
(0.3) 
84.9 
(0.6) 
92.3 
(0.8) 
87.4 
(0.1) 
93.7 
(0.2) 
80.1 
(0.4) 
81.1 
(1.5) 
75.0 
(0.3) 
74.0 
(0.8) 
86.4 
(0.5) 
83.6 
(0.7) 
Notes: The numbers are mean (standard deviation) on five different random seeds. The best scores are in bold, and the second best ones are underlined. 
 
Table 5. Test results on DocClsJp. 
Model F1-score 
BERTjp (jpW) 80.1 (2.9) 
BERTjp (add_M) 84.2 (2.2) 
BERTjp (M + jpW) 86.6 (1.6) 
Notes: The numbers are mean (standard deviation) obtained using five-fold stratified 
cross-validation. 
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best scores were observed in 7 of the 10 datasets. Particularly, the 
BIOSSES dataset of ouBioBERT consistently scored high even on multi-
ple trials. The sentence similarity task of BIOSSES is difficult in the 
BLUE benchmark because there are only 64, 16, and 20 sentence pairs in 
the training set, development set, and testing set, respectively. These re-
sults suggest that our ouBioBERT has higher potential in the biomedical 
domain compared with the others. 
This study has several notable limitations. First, we checked the robust-
ness of our models on multiple tasks in English; however, we evaluated 
BERTjp (M + jpW) on a single task in Japanese. This is because there are 
no text-mining shared tasks in Japanese for the medical domain, and it is 
difficult to directly solve this problem. Second, we do not determine the 
contribution of each intervention in producing ouBioBERT to the perfor-
mance. To identify the contribution, we must conduct ablation tests, for 
example, with a different configuration of BERT pre-training, without the 
convoy system or amplified vocabulary. However, it is highly computa-
tionally expensive and significantly time-consuming for our environment 
to verify the contribution of each intervention. 
7 Conclusion 
We introduced a pre-training technique that comprised a convoy system 
and amplified vocabulary. We showed that a practical medical BERT 
model could be constructed via our method by using a small medical cor-
pus in English, and that then it could be applied in Japanese. Additionally, 
we confirmed using ouBioBERT that a pre-trained model that outper-
formed the pre-existing models could be produced using our method in the 
biomedical domain. Our study might help with the challenges of biomed-
ical text-mining tasks both in English and other languages. 
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